We show that news stories contain information about economic linkages between firms and document that information diffuses slowly across linked stocks. Specifically, we identify linked stocks from co-mentions in news stories and find that the average return of the stocks linked to a particular stock predicts that stock's return in the following month. Content analysis of common news stories reveals many types of firm linkages that have not been previously documented. Importantly, the cross-predictability in returns remains even after firm pairs with customer-supplier ties are removed. We also show that information can flow from smaller to larger stocks. Our results indicate that slow reaction to the news of linked stocks is consistent with limited attention and slow processing of complex information.
I. Introduction
A corporate news event often affects not only the firm at the center of that event but also a number of other companies in similar circumstances. On April 17, 2013, the Supreme Court handed a 9-0 victory to Royal Dutch Petroleum (RDP) in the Kiobel v. Royal Dutch Petroleum case. RDP was sued by 12 Nigerian citizens, who claimed that the firm cooperated with the Nigerian government in the 1990s to brutally crush the resistance to oil development in the country. The case attracted considerable attention, in part, because it was about whether foreign citizens may seek compensation in U.S. courts for human-rights violations committed by firms outside the United States. About 150 such lawsuits have been filed in the United States in the past three decades, and these lawsuits were considered to be costly to settle and damaging to firm's reputations.
1 On September 30, 2012, Reuters reported on the firms filing amicus briefs in support of RDP and speculated that "a ruling against Kiobel could wipe out lawsuits pending against companies such as Exxon Mobil Corp, Rio Tinto
Plc and Nestle, which are accused by private plaintiffs of helping governments violate human rights in Indonesia, Papua New Guinea and Ivory Coast, respectively." 2 Other business publications concurred that in the case of RDP's victory virtually all similar lawsuits would be dismissed.
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Unlike the firm at the center of an unfolding event, such RDP in the example above, the other firms also affected by the news are less immediately obvious. However, journalists following a particular set of firms and/or events often provide a broad analysis of the affected parties. Further helping to uncover firm linkages, Regulation Fair Disclosure requires that firms report significant events and business deals that have the potential to affect their stock price to a broad audience and with a minimal delay, and press releases are a recommended way to comply. Many corporate press releases are then re-printed in the financial press. Hence, news coverage is likely to contain soft information about economic linkages between firms. Consider the explosion of the Deepwater Horizon drilling rig in the Gulf of Mexico on April 20, 2010. British Petroleum (BP) immediately took the brunt of the blame for the resulting oil spill as the leaser of the drilling rig and majority owner of the exploration rights.
However, the ongoing coverage of BP and its operations may have revealed other potential culprits, such as Transocean Ltd. (the operator of the rig), Halliburton Energy Services Inc.
(the cementer of the potentially faulty well), and Cameron International Corp. (the supplier of the blow-out preventers, which were intended to prevent such an oil spill) even before these firms were sued for their role in the disaster.
In this paper, we show that information diffuses slowly across linked firms and that economic linkages between firms identified through co-mentions in news stories are useful in predicting the stock returns. 4 If a firm experiences a news shock, its stock price will react quickly, but the linked stocks that are also affected by the news may react with a delay due to slow processing of complex information and limited investor attention. Indeed, the amount of corporate news that hits the market every day is immense. Based on a nearly complete set of corporate press releases for the period between April 2006 and August 2009 , Neuhierl, Scherbina, and Schlusche (2013 document that, on an average day, a total of 281 valuation-relevant news items are released by all U.S.-based firms, which alone may explain, to a large extent, why information diffuses slowly. That study additionally shows that a large fraction of the news releases is of non-routine nature whose impact may be hard to quantify.
Of course, it is even more difficult to quantify the impact a firm's news on its economicallylinked firms. We show that the attention of sophisticated investors helps ensure a quicker price reaction to the news of linked stocks. Moreover, frequent co-mentions in news stories, which make investors more aware of firm linkages, ensure quicker information diffusion. Thus, limited investor attention and slow processing of complex information both contribute to slow information diffusion across linked stocks.
Our approach to identifying stock linkages is novel in that we exploit news media's soft information to uncover linkages between firms, and we show that the information available ex-ante from the news coverage can be used to exploit the lead-lag relation in the returns of linked stocks. We begin by identifying, prior to each month t, all stocks j = 1, . . . , J i that were co-mentioned with stock i in a news story in the Thomson-Reuters News Analytics (TRNA) dataset in the preceding three (or six or 12) months. If such linkages exist for stock i, we proceed to compute its "linked-stock signal" as the equal-weighted average of the prior month's returns of stocks J i . We hypothesize that, in period t, stock i will move in the direction of its linked-stock signal. Our portfolio results show that the linked-stock signal possesses reliable predictive ability for the return of linked stocks. In a series of crosssectional regressions, we confirm the predictive ability of the linked-stock signal and provide further evidence that the linked-stock signal is a novel predictor of future stock returns and that its predictive ability is not subsumed by previously known return predictors both at the firm and industry levels.
Our setting allows us to provide new insights into the process of information diffusion in the stock market. Interestingly, even though the coverage in our sample of news stories is heavily tilted towards larger firms, we find significant delays with which stock prices incorporate new information from their linked firms. Nevertheless, markets seem to be reasonably efficient. First, we find that the speed of information diffusion has increased over time. Second, despite failing to incorporate new information quickly, prices may be approximately efficient and lie within no-arbitrage bounds around the fair value (see, for example, Lo (2004) ). Our analysis of break-even trading costs for simple trading strategies designed to exploit the lead-lag effect documented here shows that, even though prices fail to incorporate the relevant information from economically-linked stocks quickly, trading on this information is costly due to high portfolio turnover. Significant after-trading-cost profits can be achieved only by sophisticated traders.
Our paper contributes to the literature on lead-lag effects in stock returns. Studies in this literature typically use ex-ante stock characteristics to explain the lead-lag return patterns.
Lo and MacKinlay (1990)-the paper that started this literature-show that returns of large firms tend to predict returns of small firms. 5 Subsequent studies identify various measures of investor attention that are associated with information leadership. Specifically, Brennan, Jegadeesh, and Swaminathan (1993) , Badrinath, Kale, and Noe (1995) , and Chordia and
Swaminathan (2000) use analyst coverage, institutional ownership, and trading volume, respectively, to show that common information diffuses slowly from stocks with high levels of investor attention to those with low levels. More recently, Cohen and Lou (2012) show that information diffuses slowly from single-segment firms to multi-industry conglomerates and Menzly and Ozbas (2010) and Cohen and Frazzini (2008) find that information travels slowly among firms linked by the supply chain. 6 In contrast, Scherbina and Schlusche (2013) do not use ex-ante available stock characteristics or information to identify leader stocks.
Rather, the identification is based on the statistical ability of leader stocks to Granger-cause the returns of their followers.
The approach here is most similar to Scherbina and Schlusche (2013) in that we do not rely on ex-ante available stock characteristics or required disclosures to identify lead-lag relations.
By analyzing the content of common news, we are able to identify additional types of economic linkages between firms, such as business partnerships, potential M&A deals, similar legal and
5 Hou (2007) shows that this effect works within industries, i.e., large stocks lead small stocks within the same industry. This effect is most recently confirmed by DeMiguel, Nogales, and Uppal (2014); furthermore, the authors argue that it is important to consider cross-covariances in stock returns when constructing meanvariance-efficient portfolios.
6 More recent work documents excessive contemporaneous return correlations among stocks with common institutional ownership (Anton and Polk (2014) ), common analyst coverage (Israelsen (2013) and Muslu, Rebello, and Xu (2014)), and textually similar financial reports and news stories (Hoberg and Phillips (2012) and Box (2014)), and attributes the excessive correlations to similarity in trading or the information environment. regulatory exposures, labor and production commonalities, and so on. Even after we remove firm pairs tied by customer-supplier links, the cross-predictability in returns remains. While most topic categories are too small to analyze them individually, we document the crosspredictability in returns between firms linked exclusively by partnerships and investment banking prospects, by similar legal developments, and by operational similarities.
Identifying firm linkages from news offer additional advantages. First, this methodology allows to fill the gaps in data availability induced by limited disclosure (for example, firms are required by the SEC to report the identity only of a customer that comprises more than 10% of a firm's consolidated sales revenues, and hence smaller customers will be missing from the dataset). Second, it allows to uncover transitory leaders (for example, the RDP's leadership should cease shortly after the Supreme Court has reached its decision, and RDP is no longer be co-mentioned with firms in a similar legal situation), whereas lead-lag relationships are assumed to be somewhat permanent in the prior literature. Third, our methodology permits within-industry bets, while in the lead-lag literature intra-industry bets are, for the most part, precluded. Finally, similarly to Cohen and Lou (2012) and Scherbina and Schlusche (2013), we are able to show that smaller stocks can lead returns of larger stocks.
We also contribute to the relatively new strand of literature that investigates the news media's role in financial markets. This literature examines the extent to which qualitative information in news articles-in particular, pessimism in the language-is associated with stock price reactions.
7 The literature also shows that news coverage helps improve price efficiency (see, e.g., Peress (2008) and Peress (2014)) and reduce firms' cost of capital (e.g., Fang and Peress (2009)) . In this study, we shed light on a different aspect of news media's 7 Tetlock (2007) focuses on news articles about the broad stock market and documents that the linguistic tone predicts aggregate stock prices. Similarly, Tetlock, Saar-Tsechansky, and Macskassy (2008) find that content in firm-specific news articles is correlated with the returns of individual stocks. Following a different identification strategy, Dougal, Engelberg, Garcia, and Parsons (2012) show that the identity of columnists writing for the Wall Street Journal significantly predicts returns of the Dow Jones Industrial Average. Engelberg and Parsons (2011) document that trading behavior of investors in a number of local markets in response to the same event differs depending on local media coverage.
role in financial markets: We provide evidence that news stories contain soft information that helps identify economic linkages between firms.
One possible extension is to check whether our findings can help address the "R 2 puzzle," famously articulated by Roll (1988) . That paper investigates whether traditional asset pricing models can explain reasonably well daily stock price movements of 96 large firms and finds that the traditional pricing factors used in return regressions, which may include industry controls, produce only low R 2 s; furthermore, the R 2 s computed for the subsample of no-news days are only slightly higher than the R 2 s computed for the subsample of news days, on which one would expect large idiosyncratic price movements. 8 Building on this analysis, Boudoukh, Feldman, Kogan, and Richardson (2013) are able to increase CAPM R 2 differences between news and no-news days by defining as news days only those days with truly price-relevant firm-level news, which the authors identify with textual analysis. Our results suggest that the difference in R 2 s between no-news and news days can be further increased by adding to the set of news days those days on which significant news developments occurred for linked firms. Importantly, linked firms frequently belong to different industries, and hence a firm's industry factor, which is used in this literature to account for industry-wide developments, is unable to fully capture all the relevant news of other firms.
The paper is organized as follows: Section II describes the data. Section III explains our methodology to identify linked stocks. Section IV documents the ability of linked stocks to cross-predict each others' returns. Section V concludes.
II. Data
Stock-specific data in this paper are obtained from the daily stock file of the Center for
Research in Security Prices (CRSP) and include all NYSE-, Amex-, and Nasdaq-traded stocks in the dataset. We adjust stock returns for delisting in order to avoid survivorship bias (Shumway (1997) The tables and figures presented throughout the paper cover the returns period from July 1996 to January 2013, unless stated otherwise, as the initial three (six or 12) months are used to identify stocks linked through common news stories, and the linked-stock returns are forecasted one month ahead.
III. Identifying Linked Stocks
A group of linked stocks with respect to stock i in period t is comprised of all publicly traded stocks j = 1, . . . , J i that were mentioned in at least one common news story with stock i in the Thomson-Reuters News Analytics (TRNA) dataset in a trailing three (six or 12) month 10 Specifically, we remove stories with topic codes INSI, STX, HOT, INDX, AAA, LIST1, USC, MEVN, RCH, FUND, and DBT. We also discard stories with item genre 'Imbalance' (with different capitalization possibilities). Finally, as per Reuters' suggestion, we delete news observations for which the variable "more news" takes on values 'M' or 'm' and for which the variable "update sz" is greater than 8500 in order to only consider complete news stories rather than the pieces in which they were transmitted.
period, excluding the five trading days prior to the end of period t − 1. We exclude these days to ensure that a released piece of news has become available to the broad market and to allow investors sufficient time to identify linked stocks before forming signals.
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Our methodology for identifying linked stocks is illustrated in Figure 1 . In the examples provided in the figure, stock A is linked to stocks B, C, and D, and stock B is linked to stocks A and E. The dashed and dotted ellipses indicate the groups of stocks linked to stocks A and B, respectively, which are used to compute signals for these two stocks. Table I provides descriptive statistics of the TRNA dataset as well as descriptions of the stocks linked by common news stories. As shown in Panel A, the TRNA dataset contains a total of almost 5.5 million unique news stories. This sample is reduced by about a third after removing news that would randomly group stocks together (as described in the Data section). Of the remaining news sample, just over 14% mention more than one firm. As Despite removing what we consider to be irrelevant stories for our purposes, we are still concerned that firms may be grouped together in a story by coincidence, such as when reporting on market conditions or unrelated events (e.g., contemporaneous earnings announcements). Therefore, we further narrow our news sample, to the news that co-mention exactly two firms. The sample is further reduced, to 331,232 unique news stories.
As we discuss in more detail in Section IV, our return predictability signal hinges on the presumption that after a shock to a stock's price the prices of stocks linked to that stock move in the same direction. Hence, in order to minimize the probability of linked stocks to move in opposite directions, we eliminate competitor stock pairs in two steps. First, we argue that two firms are competitors if the difference between their assigned sentiment scores for a particular news story in the TRNA dataset is two (i.e., firms are considered competitors if a news story about them is interpreted as "positive" for one firm and "negative" for the 11 Throughout the paper, we refer to this period as the "identification period." other.). This algorithm eliminates about 10% of the stories that mention exactly two firms.
In addition, we discard news stories that contain a variation of the words "competitor" and "rival" in the headline, as these stories are likely to cover competing firms. As a validity check, in untabulated results we confirm that the words "competitor" and "rival" in the headline are associated with more than twice as high a probability of the firms receiving opposite sentiment scores. This final step reduces our dataset to 299,060 unique news stories. Panels C through G of the table produce additional descriptive statistics on the final dataset. Panel C shows that the majority of firm pairs, 64.48% and 62.20%, are co-mentioned only once during the 3-and 6-months identification window, respectively. Panel D shows that there is a higher than random chance that both stocks in the pair are in the same industry.
Panel E shows that only 10.51% (15.12%) of stock-months are linked when 3-month (6-month) identification window is used. Moreover, since the news media tends to cover more extensively larger stocks with higher trading volume, linked stocks tend to have substantially higher market capitalization than unlinked stocks. Consistently, Panel F shows that the number of linked stocks goes up as a stock's market capitalization increases.
Panel G shows that economic linkages between stocks show significant persistence over time (the length of the identification window used for this table is 3 months). Specifically, the probability that a particular pair of linked stocks in month τ continues to be identified as such in month τ + 12 is about 22.86%. Even five years later, this probability is 18.43%. For stock pairs that had at least two common news stories over identification period and that are thus presumably more closely linked, the persistence is even stronger, with the probability of linkage in month τ + 12 equal 42.76%.
IV. Return Predictability
Having identified linked stocks, we next need to determine the direction of the information flow. Stocks with an above-normal turnover likely had experienced a news event. Stocks with turnover within the normal range likely have not. We assume that return leaders are those stocks with the relatively high turnover in month t and followers those in the normal turnover range in month t, and that information flows from thus-identified leaders to their followers. In determining turnover thresholds for leaders and followers, we have to balance the considerations of the precision of our identification against reducing the sample size too much.
In each period t, we compute for each stock i, for which turnover in period t − 1 was less than its 75th-percentile turnover over the trailing 12-month window, the aggregate linkedstock signal, Signal i t , simply as the weighted average of the lagged returns of stocks j = 1, . . . , J i that are linked to stock i and for which turnover in period t − 1 was above the median turnover over the trailing 12-month window.
where Ret j t−1 is stock j's return in period t − 1, excluding the last five trading days of that period to mitigate concerns regarding non-synchronous trading and to allow investors sufficient time to compute signals, and ω j is the weight assigned to stock j's return. In the baseline specification, signaling stocks' returns are equal-weighted, in which case ω j = 1/J i (see the examples in Figure 1 ).
In robustness checks, we consider alternative weighting schemes for the linked-stock returns. In the first scheme, the signaling stocks' returns are weighted by the number of common news stories that linked stock pairs in the preceding 3 months. The second scheme is value-weighting, using the linked stocks' market capitalization in period t − 2.
For the stocks that receive signals, we require that they be priced at or above $5 per share and that they traded on the last day of period t. Moreover, we limit the set of stocks receiving signals to common shares of U.S.-incorporated firms by considering only stocks with share codes 10 or 11.
A. Baseline specification
Each month t, we identify linked-stock pairs as of five trading days prior to the end of calendar month t − 1, and compute linked-stock signals using the returns in month t − 1 (excluding the last five trading days). Quintile portfolios are formed within each industry in the beginning of month t and held for one month. Then, same-number portfolios are combined ensuring that each industry has the same representation in each portfolio 1 through 5. 12 (Forming portfolios within industries enables us to show that we are not simply picking up the industry momentum effect or the large-small stock lead-lag effect within industries.) The process is repeated in the subsequent month. The timeline used for the portfolio formation is illustrated in Figure 2 . Table II reports various return measures-excess return, market alpha, and three-, four-, and five-factor alphas-for equal-weighted portfolios (Panel A) and value-weighted portfolios (Panel B) as well as return differentials between the extreme quintile portfolios. 13 For reference, Panels A and B of Table A2 present the factor loadings for equal-and value-weighted portfolios, respectively. Note that the factor loadings are about unchanged across various quintile portfolios.
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The results indicate that signals from linked stocks have significant predictive ability for stock returns for both equal-and value-weighted portfolios. Portfolios that are comprised of stocks with low linked-stock signals earn low returns, while portfolios containing stocks with high signals earn high returns. Portfolio returns increase gradually in magnitude with the linked-stock signal. Return differentials between quintiles 5 and 1, reported in the bottom row of the table, are positive and statistically significant. We consider these differentials to be economically meaningful as the excess returns produced by the long-short portfolios are over 9% annually for both weighting schemes.
As shown in the second column, stocks in the extreme quintile portfolios tend to be linked to fewer stocks than those in the other quintile portfolios. That is, the predictive ability of the link-stock signal decreases with the number of linked stocks a firm has.
Importantly, if the returns of linked stocks were not driven by information but, perhaps, by correlated trading, then the returns in the month following portfolio formation would reverse and the performance of the long-short portfolios in subsequent months would be negative. However, we do not find any return reversal. In fact, the average monthly raw return differential between month t + 2 and t + 6 after the month of portfolio formation is slightly positive but insignificant for both equal-and value-weighted portfolios.
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Moreover, results from a subsample analysis, presented in Panel C of Table II, shows that the return differentials have declined over time. While the five-factor alphas of the return differentials for the period from July 1996 to December 2003 are 1.45% and 1.19% per month for the equal-and value-weighted portfolio, respectively, they drop to 0.35% and 0.37% per form portfolios as in our main specification. Since we have already conditioned on turnover and adjusted the subsequent returns for factor loading, calculating linked-stock signals based on alphas as opposed to raw returns does not significantly change the results. In particular, the five-factor monthly alpha of the equal-weighted long-short portfolio increases by 0.09% from 0.82% to 0.91% and the corresponding t-statistic increases from 3.82 to 4.11. The five-factor alpha of the return differential on the value-weighted portfolio decreases slightly, by 0.01%, from 0.78% to 0.77%, with the t-statistic decreasing from 3.27 to 3.16. For the simplicity of replication, and because the results are very similar, we will report the results based on the linked-stock signals calculated from raw returns throughout the paper.
month, respectively, for the period from January 2004 to January 2013. This finding is consistent with market participants becoming more adapt at processing complex information about firms' interconnections in a timely fashion.
To illustrate the profitability of a trading strategy based on the linked-stock signal, we plot, in Figure 3 , the cumulative return of an investment of one dollar over the period from July 1996 to January 2013. A portfolio with returns equal those of the equal-weighted longshort portfolio would have been worth $5.38; for the value-weighted long-short portfolio, this number would have been $4.65. For reference, a buy-and-hold investor in the S&P 500 index would have accumulated a profit of only one dollar over the same period.
B. Alternative specifications and robustness checks
In the following, we test whether the return predictability is sensitive to variations in the methodology used to form portfolios and to identify linked stocks. The results for various alternative specifications are reported in Table III . As a first robustness check, we modify the weighting scheme used for the calculation of linked-stock signals. In Panel A, signaling stocks' returns are weighted by the number of common news stories that linked stock pairs in the preceding three months, and, in Panel B, linked-stock returns are value-weighted using the stocks' market capitalization in month t − 2. Weighting linked-stock signals by the number of common stories produces substantially lower and less significant excess returns than equal-weighting them, as in the baseline specification of Table II . Frequent co-mentions should increase market participants' awareness of the economic linkage between these stocks, and, hence, information should be transmitted more quickly between the stocks. Similarly, for value-weighted portfolios, return differentials significantly decrease relative to the baseline specification when linked stocks' returns are value-weighted, implying that signals from large stocks get impounded more quickly than with a one-month delay.
In Panels C and D, we slightly change the identification of linked stocks and of leaders and followers. Specifically, in Panel C, we no longer discard news stories we believe to cover competing firms. As expected, return differentials for both weighting schemes are smaller than in the baseline specification. The reason is that a news shock to a firm could have the opposite-sign effect on the competitor's return. In Panel D, we no longer impose the turnover condition to identify leaders and followers between linked stocks. As a result, the return differentials are reduced, especially for value-weighted portfolios. Hence, our turnover restrictions indeed help properly identify the direction of the information flow between linked firms.
In Panels E and F, we broaden our sample of common news stories. Instead of identifying firm linkages exclusively from news stories that co-mention exactly 2 firms, in Panel E, we allow all news stories that co-mention up to 5 firms, and in Panel F, up to 10 firms. Because it is more likely that stocks are co-mentioned by coincidence rather than because they are truly linked, the return differentials are lower than in the baseline specification. This is especially the case for equal-weighted portfolios and for the more extreme Panel F. Since the news media devote less space and effort to smaller firms, it is likely that some smaller firms now appear in the news simply by coincidence. These results confirm the previously expressed concern that news stories that cover a larger set of stocks convey less valuable information about linkages between stocks than those that focus exclusively on one stock pair.
Next, we increase the length of our identification window. Instead of a 3-month window of the baseline specification, we use a 6-month window in Panel G and a 12-month window in Panel H (as before, we end the widow five trading days before the month-end). While the 6-month window works slightly better than the 3-month window, the 12-month window works
worse. An identification window that is too short will miss some important linkages. But when the identification window is too long, the linkages may have either already dissolved or become well known to market participants, ensuring a quicker information transmission.
In the last four panels, Panels L -O, we introduce restrictions on the stocks eligible to be included in the set of linked stocks that is used to calculate the linked-stock signal. It is now important to have a longer identification window since a 3-month window of the baseline specification will cause a great reduction in the sample size. Therefore, we also consider the results with a 6-month identification window. In Panels L and M, we limit the set of linked stocks used to compute the signal to those that belong to a different industry. The portfolio return differentials noticeable decrease noticeably, which indicates that the news media is particularly successful in identifying linked stocks that belong to the same industry, even within our rather granular industry classifications, and that inferring economic linkages from stories that connect stocks from different industries produces more noisy results. In Panels N and O, the set of signaling stocks is limited to those that are smaller than the stock receiving the signal. Although the observed return differentials for value-weighted portfolios decrease relative to the baseline specification, they are closer to the baseline results for equal-weighted portfolios. Hence, in contrast to the findings in the lead-lag literature that large stocks lead the returns of smaller stocks, we show that, in our setting, small stocks can lead returns of larger stocks.
C. The content of common news stories
In this section, we check whether additional types of economic linkages, other than those previously documented in the literature (e.g., customer-supplier relations), give rise to the cross-predictability in stock returns. We classify news into topics by using key words for news headlines and topic codes assigned by Thompson-Reuters. The algorithm to classify news stories into topic codes, which is described in detail in Appendix A1, consists of three steps. In the first step, we parse the headlines in our news dataset of common news stories into words and rank these words, after removing articles, preposition, and conjunctions, by the number of headlines in which they appear. In the second step, we assign each word to one of 14 news topics. In the last step, based on these mappings and on topic codes assigned by Thompson-Reuters, we classify news stories into news topics.
All news categories are made to be mutually exclusive, and topic order in Appendix A1
represents the hierarchy of the categories. If a news story can be classified into more than one topic, it is classified into the topic closer to the top of the list. Moreover, if a firm pair was co-mentioned in more than one news story during the identification period, it is classified into the topic closer to the top of the list. The order of the topics was made based on how much each topic was studied in the prior literature and on how narrowly defined it can be.
Following our approach, we are able to classify over 60% of the news stories in our sample (that is, the sample of news stories that cover exactly two firms that are non-competitors).
Legal is the largest topic category, with 11.09% of news stories falling into that topic. Also common are stories about natural resources, geopolitical developments and regulation, these categories containing 10.01%, 9.33%, and 7.61% of the news stories in our sample. Of note, news stories about customer-supplier relationships, which have been investigated extensively in previous literature, are not prevalent in our dataset, representing only about 4.41% of our news sample.
In order to show that firm linkages other than customer-supplier relations can also give rise to the cross-predictability in returns, in this section, we firm pairs that were assigned to the "Supply chain" topic at any time over the trailing 3-year window. Finally, in order to ensure that we do not inadvertently miss customer-suppliers links between firm pairs, we discard all unclassified news stories.
Since we have to discard many news stories, which greatly reduces our sample, we increase the identification window to six months. Panels A -C, of Table IV report portfolio returns when nature of firm linkages is limited as described in Panel headings. In Panel A, we only keep all firm pairs that remain after the restrictions described above are implemented (specifically, all the news that co-mention the firm pairs are assigned to a defined topic and the firm pair had no customer-supplier ties in the past three years). The number of stocks in the portfolio decreases by roughly 11% relative to that of Panel G of In Panel C, we only consider only firm pairs belonging to the category "Legal." This is the most populous category, and we do not combine it with other categories. The number of stocks per portfolio is about 79% lower than in Panel G of Table III . The equal-weighted return differentials are substantially larger in magnitude than in Panel G of Table III , however, the statistical significance of these return differentials is lower because of the high return volatility due to small sample size. The value-weighted return differentials are about 65% in magnitude of the value-weighted return differentials in Panel G of Table III but are not statistically significant. These results suggest that legal similarities induce significant cross-predictability in returns.
Panel D, we group together the remaining topic categories and classify firm linkages under the common heading "Operational similarities." The return differentials are now significant for the equal-weighted but insignificant for the value-weighted portfolios.
All told, these results show that firm linkages that lead to cross-sectional return predictability are best uncovered by investigating a wide variety of news. That is, information diffuses slowly not only between stocks linked through previously documented types of linkages, such as linkages of firms along the supply chain, but also between stocks linked by similar legal exposures, business and operational similarities, and so on. Since we are able to produce significant return differentials focusing deliberately on news about fundamentals, it appears that the lead-lag effect that we document is driven by fundamental business ties between firms as opposed to common investor sentiment.
D. Placebo tests
In order to rule out the possibility that an omitted stock characteristic drives the crosspredictability of stock returns, we conduct a placebo test of the cross-predictability of returns.
Since Panel G of Table I shows that stocks that are mentioned in a common news story tend to be co-mentioned in the subsequent five years, we check whether the cross-predictability in return existed before rather than after a stock pair was first co-mentioned in the news, speculating that the the cross-predictability in returns should not yet exist at that time.
Since it may take some time for journalists to notice and report on a firm linkage after it has already occurred, we move each linked stock pair far enough back. Specifically, we move a stock pair three years back from their first co-mention in the news. If both stocks in he linked pair traded at that time, we proceed to compute linked-stock signals and form portfolios exactly how we did in the main specification of Table II .
As we expected, the portfolio return differentials are no longer significant. Specifically, the five-factor alpha of the equal-weighted portfolio is equal -0.21% (with the t-statistic=-0.66), and the five-factor alpha of the value-weighted portfolio is equal -0.14% (with the t-statistic=-0.34). The placebo results, therefore, confirm our conjecture that it is the soft information embedded in the news co-mentions rather than some stock-specific characteristics that explain why linked stocks cross-predict each other's returns.
E. Cross-sectional regressions
In this section, we run a number of Fama and MacBeth (1973) cross-sectional regressions to provide further evidence of the previously documented predictive ability of the linkedstock signal. The regression setting allows us to control for other factors that are known to forecast returns. We show that these control variables do not subsume the linked-stock signal's predictive ability, which confirms that we have identified an independent source of return predicability.
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The results of the cross-sectional regressions are reported in Table V . In all but the first specification, we include, in addition to the linked-stock signal, the stock's lagged return and the lagged return of the stock's industry as cross-sectional return predictors. In all specifications but the third, we also include size, book-to-market, and the stock return over the past six months, ending one month prior, from t − 6 to t − 1. Specifications (7)-(9), in addition, contain interaction terms between the linked-stock signal and additional control variables meant to capture the attention of sophisticated market players; these regression specifications also include as controls the variable included in the interaction term.
The regression coefficient on the linked-stock signal is highly significant in all specifications. The estimated coefficient ranges from 0.018 to 0.036 in magnitude, somewhat lower than the coefficients on the lagged industry return. However, as in the portfolio specifications, the linked-stock signal does not include the last five trading days in the month t, but the lagged industry return does. Despite this disadvantage, the coefficients on the linked-stock signal are more statistically significant than the coefficients on the lagged industry return or
16 The control variables are described in detail in Appendix A2.
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the lagged own return in all specifications. The significance level never falls below the 1% p-value.
In specification (7), we interact the linked-stock signal with a dummy that equals one if institutional ownership of a stock is above the median value for the cross-section of stocks at the most recent quarter-end, which is a direct measure of the level of sophisticated investor attention. The results indicate that high levels of institutional ownership are associated with weaker price reactions in month t+1 to the linked-stock signal in month t, suggesting perhaps that institutional ownership helps ensure that prices incorporate relevant information without a delay of one month.
In specifications (8) and (9), we use less direct proxies for the level of sophisticated investor attention, that is, analyst coverage and size, and interact these proxies with the linked-stock signal. As before, we include dummy variables indicating if these variable are above the median in the cross-section in a given month. The interactions between the linked-stock signal and the analyst coverage dummy is insignificant, although the interaction term is of the expected sign. The interaction between the linked-stock signal and the size dummy is statistically significant at the 10% level.
Overall, the results confirm the robustness of the linked-stock signal as a return predictor and show that the slow reaction is likely due to slow processing of complex information, as the presence of institutional investors appears to speed up information transmission.
F. Break-even trading costs
Thus far, we have abstracted from trading costs. Even though we have documented significantly positive monthly excess returns, high trading costs associated with long-short portfolios may render these simple trading strategies unprofitable. In the following, we estimate break-even trading costs that would set the post-transaction-cost trading profits equal to zero. We assume that trading costs are incurred when a stock is bought or sold and that 21 these costs are identical across stocks and independent of the amount traded (though in reality trading costs are lower for more liquid stocks and increase with the number of shares traded). Table A4 in the Appendix shows that portfolio assignments exhibit slight persistence over a one-month period; hence, portfolio turnover is slightly lower than 100% in any given trading period. All else equal, this introduces a slight advantage for value-weighted trading strategies since they do not incur rebalancing costs. However, value-weighted returns are typically lower than equal-weighted returns. On net, our estimate of break-even trading costs, shown below, is higher for value-weighted portfolios.
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Our estimates of break-even trading costs are expressed in units of return, i.e., as a percentage cost per dollar of a stock traded. In order to conserve space, we estimate break-even trading costs only for the baseline trading strategies, in which stocks are held in portfolios for one period, linked-stock signals are computed in the previous period, and linked-stock signals are equal-weighted.
We obtain the following estimates of break-even trading costs. For the baseline trading strategy, corresponding to Table II , our estimates of break-even trading costs are 0.22% for equal-weighted portfolios and 0.20% for value-weighted portfolios.To put these estimates in perspective, using the TAQ dataset for the period from January 1983 to August 2001, Sadka and Scherbina (2007) estimate an average effective spread of 0.25% for a typical stock and a typical trade, which is a somewhat higher than our estimates of break-even trading costs.
Hedge funds are more skilled at minimizing trading costs than an average trader in the TAQ dataset, and their trading costs may easily fall below our estimated break-even values.
The relatively low estimates of break-even trading costs indicate that the strategies designed to profit from linked-stock news can support only small investment amounts since large amounts would entail large price impacts. Therefore, the profits that one could realize from trading on this strategy are rather low, which explains why the strategy's on-paper profitability has persisted through the years. These results suggest that in order to trade on the linked-stock signals, one has to be skilled at minimizing trading costs. For an average investor, prices appear to lie within no-arbitrage bounds around the fair value imposed by trading costs. Yet, even if trading on linked-stock signals is difficult in practice, these signals should still be valuable inputs in portfolio allocation decisions.
G. Firms connected by second-tier links
It is possible that firms may cross-predict each other's stock returns even though they are not directly linked via joint news stories (e.g., firms A and E in Figure 1 -Firm B is linked to firm A and firm E is linked to firm B, but firms A and E are not directly linked). Whether or not it is useful to collect information on such second-tier linkages for the purpose of return predictions is an empirical question. It is quite possible that the information from second-tier links is muted enough to not sufficiently contribute to the return predictability.
In order to check whether stocks connected through second-tier linkages still cross-predict each other's returns, we identify all stock pairs that are connected through second-tier linkages during the identification window (e.g., connected through having common first-tier linked stocks) but that, at the same time, are not directly connected. We form a predictive signal for each stock by calculating equal-weighted returns from all second-tier linkages. We form portfolios based on these signals as in the baseline specification, but we in addition try 6-and 12-month identification windows.
The results are reported in Table VI . The number of stocks in the second-tier linked portfolios is about one-third larger than that for the portfolios constructed based on first-tier links. This is because there are more second-tier links than first-tier links, and more linked stocks will meet the criteria to be included in the set of signaling stocks (return leaders). The tables show that the information from the second-tier linked stocks seems to be important smaller stocks. For larger stocks, there is less useful information available from second-tier linkages; for these stocks the news coverage is more comprehensive and stock connections that are sufficiently strong to influence each other's returns would be reflected in the existence of joint news stories. These results indicate that the news coverage of smaller stocks is sparse and that additional useful information on firm linkages can be collected by including the links of links.
V. Conclusion
This paper documents that economically-linked stocks have the ability to predict each other's returns. And, while in practice it may be challenging to uncover economic linkages between firms, we show that such linkages can be identified through media coverage. Specifically, we argue that a pair of stocks is economically linked if the two stocks appeared together in a news story over a trailing identification window. Portfolio sorts based on the linked-stock signal, computed as the average return of all stocks linked to a given stock, produce statistically significant and economically meaningful excess returns. We also show that the predictive ability of the linked-stock signal is robust to various firm-and industry-level controls. Moreover, the attention of sophisticated investors and frequent co-mentions in the news both reduce the cross-predictability in returns. Therefore, the slow information diffusion is likely due to the slow processing of complex information and to limited investor attention.
Our methodology allows us to identify lead-lag relationships without relying on ex-ante stock characteristics. As a result, we are able to identify return leaders that are smaller than their followers and to detect short-lived lead-lag relationships. Moreover, our approach allows for within-industry bets. Such bets are generally precluded in the lead-lag literature as the signals in that literature tend to be correlated within industries.
The additional advantage of identifying firm linkages from co-mentions in the news is that one can study the content of common news stories to learn about the nature of firm linkages. We show that existence of a variety of linkages between firms. Importantly, not only customer-supplier links, but also other types of links can give rise to the cross-predictability of stock returns. Legal similarities seem to be a particularly important type of linkage in our sample.
Our estimations show that it is difficult to earn significant profits from trading on the lead-lag effect in linked-stocks' returns documented here. Therefore, while the market is not perfectly efficient in processing all relevant information, it may be approximately efficient with prices lying within trading-cost bounds around the fair value.
Finally, our results could help address the R 2 puzzle, which states that firm-specific news explains only a small portion of stocks' idiosyncratic volatility. Our results suggest that the set of news days on which one should expect to see large idiosyncratic movements should also include the news days of economically-linked firms.
A1. Classifying news into topics
We classify news into topics by utilizing key words in headlines and topic codes assigned to news stories by Thompson-Reuters. Here, we work with the news sample used in our baseline analysis. Hence, in addition to removing news stories that may co-mention firms by chance, we only consider only news stories that mention exactly two firms and remove stories for which we consider the firms to be competitors.
The algorithm to classify news stories into topic codes consists of three steps: The first step is the parsing of headlines into key words and ranking these words. To that end, we parse all headlines into words and discard articles, preposition, and conjunctions from the set of words. We then rank the remaining words by the frequency of appearance in unique headlines and keep all words that appeared in at least 100 headlines. Of note, the set of words includes variations in the spelling of words, as well as words that share a common root with words in the set. As a reference, the word "update," the most frequently used word across headlines, appears in 97,276 headlines and the word "layoffs" appears in 100 headlines and is therefore among the least frequently used words we consider.
In the second step, we do our best to assign each word to one of eleven news topics, the selection of which is guided by the topic list proposed by Neuhierl, Scherbina, and Schlusche (2013) . For example, we deem the word "update" impossible to be assigned to a topic code, but assign the word "layoff" to the topic "labor, production and infrastructure." Moreover, we augment our list of words which determine the topic code by the key words used in Neuhierl, Scherbina, and Schlusche (2013) for the relevant topics; for the "legal" topic we augment our word list with key words from the online legal word list, having removed finance terms (Loughran and McDonald (2011)).
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In the last step, based on these mappings and on topic codes assigned by ThompsonReuters, we classify news stories into eleven news topics. Table A3 contains a comprehensive list of key words and TRNA topic codes used to classify headlines into various news topics.
The assignment of news stories into news topics is unambiguous in that the assignment occurs in the classification order listed below. Specifically, if a headline is not classified into the topic "Supply chain," we check whether the contained key words and the TRNA topic code meet the requirements for being classified into the topic "Legal;" if the headline is not classified into the topic "Legal," we proceed and check whether it fits into the topic "Partnership," and so on. If a headline cannot be classified, it falls in the category "Other." The classifications are as follows (percentages of news stories classified in each category are in parentheses): 10. Financing (0.69%). News about financing, cross-investments, firms leasing each other's assets and extending loans to each other. EXAMPLE: Headline: "TowerJazz and GE Capital sign definitive asset based loan agreement to provide up to 4 billion yen credit line (approximately $50 million)" (Firms: General Electric and Tower Semiconductor Ltd; PNAC: nWNAB9038; Date: 09MAY2012).
11. Natural resources (10.01%). News that mention raw materials used in production inputs, as well as natural and environmental disasters affecting firms' operations. EXAMPLE: Headline: "RPT-India Panna-Mukta fields, shut by explosion, likely to resume oil output by next week -sources" (Firms: Bunge Ltd and InterOil Corp; PNAC: nDEL001551; Date: 12JUN2008).
12. Energy (2.54%). News that mention energy inputs. EXAMPLE: Headline: "Gas strike threatens to shut Sri Lanka industry" (Firms: Royal Dutch Petroleum and Sheldahl Co; PNAC: nCOL001356; Date: 07MAY1997).
13. Technology (2.96%). News that mention various production/operation technologies. EXAMPLE: Headline: "ATM security flaws could be a jackpot for hackers" (Firms: Diebold Inc and NCR Corp; PNAC: nN25138100; Date: 25JUN2010).
14. Geopolitical (9.33%). News about firms' foreign operations and geopolitical events, regional conflicts, sovereign policies, etc., affecting these operations. EXAMPLE: Headline: "FEATURE -Unrest grows in Nigerian oilfields" (Firms: Royal Dutch Petroleum and Sheldahl Co; PNAC: nLA57708; Date: 07OCT1998).
15. Other (37.54%). News that could not be classified into any of the above categories.
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A2. Variable definitions and estimations
This appendix provides detailed descriptions of the variables used in our cross-sectional regressions. Unless specified otherwise, all variables are calculated at the month end.
Previous month's industry return (Ind. Ret t−1 ) is defined as the value-weighted industry return over the previous month.
Size (Size). A stock's size is defined as the product of the price per share and the number of shares outstanding, expressed in thousands of dollars and measured at the end of the previous month.
Book-to-market ratio (Book/Market). Following Fama and French (1992 , 1993 , 2000 , the book-to-market equity ratio is computed at the end of June of each year as the book value of stockholders' equity, plus deferred taxes and investment tax credit (if available), minus the book value of preferred stock, scaled by the market value of equity. Depending on availability, we use the redemption, liquidation, or par value (in that order) to estimate the book value of preferred stock for the last fiscal-year end. The market value of equity is the product of share price and the number of shares outstanding at the end of December of the previous fiscal year.
Previous month's return (Ret t−1 ). This short-term reversal predictor is defined as the stock return over the previous month.
Turnover (Turn) is the average monthly turnover, computed over the past 12 months, and measured at the end of the previous month.
Institutional Ownership (Inst. Ownership) is defined as the percentage of total shares outstanding owned by institutions, computed using the data in the Institutional Holdings (13F) dataset and measured at the end of the previous month.
Analyst Coverage (Analyst Cov.) is defined as the number of analysts issuing annual earnings forecasts for the current fiscal year, computed using the I/B/E/S dataset and measured at the end of the previous month. Descriptive statistics
This table provides descriptive statistics for the TRNA dataset and for the news sample used in the main tests of the paper. It also presents various descriptions of the stocks linked by common news stories. The CRSP universe comprises stocks with share codes 10 or 11. In Panels B through G, the statistics are calculated based on Sample 3 of Panel A. Panel G presents probabilities that a stock pair classified as linked by common news in week τ (a stock pair is classified as linked if (1) there was a common news story written about exclusively these two stocks in the previous 3 months and (2) the stocks are identified as non-competitors) will remain linked in week τ + t, given that both stocks are still present in the CRSP dataset at that time. The sample period is July 1996-December 2012.
Panel A: The news dataset
Total number of unique news stories 5,455,605 # of stories remaining after stories about trade order imbalances, index changes, bond ratings news, analyst recommendation revisions, etc. removed 3,689,918 Of these: # of stories that mention more than one firm (Sample 1) 521,845 # of stories that mention exactly 2 firms (Sample 2) 331,232 Of the stories that mention exactly 2 firms: # of stories that are about non-competitors (Sample 3) 299,060
Panel B: Statistics on the number of firms being mentioned per story (based on Sample 1) mean median 75th percentile 95th percentile 2.78 2 3 5
Panel C: The distribution of the number of common news stories for linked pairs (computed in non-overlapping windows) Alternative specifications and robustness checks This table presents monthly abnormal returns of portfolios sorted based on linked-stock signals. In the baseline specification, signals from linked stocks are equal-weighted and portfolios are formed within 36 industries. Variations to this baseline specification are described in each panel heading. Each panel reports excess returns and five-factor alphas for equal-and valueweighted portfolios, as well as the return differentials between the highest-and lowest-signal portfolios in the last row. Newey-West-adjusted t-statistics are reported in parentheses.
Alternative signal weighting schemes
Panel A: Linked-stock returns are weighted by the number of common news stories in equation (1 Conditioning on the content of news stories connecting firm pairs, excluding firm pairs linked by customer-supplier ties The set of linked stocks excludes all stock pairs that were linked by at least one story classified to be in the customer-supplier category in the prior three years. This table presents monthly abnormal returns of portfolios sorted based on linked-stock signals for different categories of news stories that are used to identify linked stocks. The classification method is described in the main text and in Appendix A1. Linked stocks are identified based on the news comentions in the trailing window that starts six months and ends five trading days before the start of the month in which portfolio returns are calculated. We require that any firm pair is classified into only one category and that none of these classifications fall into the excluded categories, as described in each panel header. Any unclassified common news stories are dropped from the analysis. We form quintile portfolios based on the previous month's linkedstock signal and compute portfolio excess returns, five-factor alphas, and return differentials between the extreme quintiles for equal-and value-weighted portfolios. Newey-West-adjusted t-statistics are reported in parentheses. Fama and MacBeth (1973) regressions of monthly stock returns in month t on a set of explanatory variables available as of the end of month t − 1. The sample consists only of stocks that had linked stocks identified over a rolling window that starts in month t − 3 and ends five trading days before the start of month t. Control variables include log(mktcap), book/market, and the average monthly stock return over the months t − 7 to t − 2, as well as the dummy variable included in the interaction term when interaction terms are included. All explanatory variables are described in Appendix A2. The median value of each variable is denoted as med. Newey-West-adjusted t-statistics are reported in parentheses. All coefficients are multiplied by 100. The sample period is October 1996 -January 2013.
Model
(1)
Linked-Stock Signal 
Table VI
Portfolios constructed from signals of second-tier links
This table presents monthly abnormal returns of portfolios sorted based on the signals of stocks linked exclusively by second-tier links (or links of links). Specifically, we required that the stocks whose returns in month t − 1 are included in the signal calculation are not linked to the follower directly by is linked to a stock that is co-mentioned with the follower stock. Moreover, we require that the stocks in the second tier of links are not directly linked to the follower during the identification period. If a stock A is linked to a stock B and stock B is linked to a stock C, and stock C is not directly linked to stock A, then stock C is a second-tier link for stock A. In Panels A, the identification window starts three months before, and in Panel B, the identification window starts six months before the beginning of month t, and both windows end 5 trading days before. The returns of the second tier of links are equal-weighted. In Panels B and D, they are weighted by the combined relevance score assigned to the stocks B and C in the corresponding news stories. Each panel reports excess returns and five-factor alphas for equal-and value-weighted portfolios, as well as the return differentials between the highest-and lowest-signal portfolios in the last row. Newey-West-adjusted t-statistics are reported in parentheses. Industries This table presents the monthly average distribution of stocks across industries in our sample. The sample consists of common shares of U.S.-incorporated firms (stocks with share codes 10 or 11) that traded on the last day of the previous month and were priced above $5 per share in 2012 inflation-adjusted dollars. The averages are computed using only the months that have at least one stock observation in a given industry. The sample period is 1996-2012. Factor loadings for baseline linked-stock signal portfolios
This table presents the five-factor model factor loadings for the baseline linked-stock portfolios. Each month, all stocks that were linked to other stocks are sorted into decile portfolios within each of the 36 industries. Panels A and B report the factor loadings for equal-and value-weighted portfolios, respectively, along with their abnormal returns and the corresponding R 2 s. Newey-West-adjusted t-statistics are reported in parentheses. Key words and topic codes for the classification of headlines This table presents key words and the TRNA topic codes that are used to classify news headlines into topic codes. Key words and word combinations used are separated by commas. In the text, the words making up key word combinations can be separated by other words. In addition, the set of key words includes variations in the spelling of words as well as words that share a common root with words in the set. 
